Cassava (Manihot esculenta Crantz), a key carbohydrate dietary source for millions of people in 14 Africa, faces severe yield loses due to two viral diseases: cassava brown streak disease (CBSD) 15 and cassava mosaic disease (CMD). The completion of the cassava genome sequence and the 16 whole genome marker profiling of clones from African breeding programs 17 (www.nextgencassava.org) provides cassava breeders the opportunity to deploy additional 18 breeding strategies and develop superior varieties with both farmer and industry preferred traits. 19
INTRODUCTION 34
Cassava (Manihot esculenta Crantz), is a major source of income and dietary calories for more 35 than 800 million people across the globe especially in Sub Saharan Africa (SSA) and recently, 36 due to the unique starch qualities of the storage roots cassava is also turning into an industrial 37 crop (Pérez et al., 2011) . Although cassava is a resilient crop, its production is threatened by 38 viral diseases such as Cassava brown streak virus disease (CBSD), which causes major yield 39 losses to poor farming families (ASARECA:, 2013; Ndunguru et al., 2015; Patil et al., 2015) . 40 CBSD is caused by two major strains; Cassava brown streak virus (CBSV) and Ugandan 41 cassava brown streak virus (UCBSV) both CBSVs have successfully colonized the lowland and 42 highland altitudes across East Africa and new strains are emerging (Winter et al., 2010; 43 Ndunguru et al., 2015; Alicai et al., 2016) . In Uganda, because of CBSVs and agronomical 44 practices, cassava yields were recorded to be eight times lower than the yield potential for this 45 crop (ASARECA:, 2013). 46
In addition to the uncontrolled exchange of infected cassava stakes among farmers across 47 borders, CBSVs are transmitted by the African whitefly (Besimia tobaci) in a semi-persistent 48 manner (Legg, Sseruwagi, et al., 2014; McQuaid et al., 2016) . Upon infection, the viruses use 49 the transport system of the plant and cause yellow chlorotic vein patterns along minor veins of 50 leaves in susceptible cassava clones (Ogwok et al., 2010; Maruthi et al., 2016; Anjanappa et al., 51 2016 ). On the stem, prominent brown elongated lesions commonly referred to as "brown 52 streaks" are formed and in the storage roots, necrotic hard-corky layers are formed in the root 53 cortex of the most susceptible cassava clones (Hillocks et al., 1996; Legg, Somado, et al., 2014; 54 Recently, using genotypic and phenotypic information genome wide association mapping 69 (GWAS) has been used to unravel the genetic architecture of cassava mosaic disease (CMD) 70 (Wolfe et al., 2016) and beta carotene content . Both studies have been 71 successful in identifying associated loci with traits of interest. In addition, the performance of 72 genomic prediction for different traits was previously evaluated using historical phenotypic and 73 genotyping by sequencing (GBS) datasets from the International Institute of Tropical Agriculture 74 in Nigeria (Elshire et al., 2011; Ly, Hamblin, Rabbi, Melaku, Bakare, Gauch, et al., 2013) . 75
Genomic Selection (GS) is a breeding method alternative to marker assisted selection and 76 conventional phenotypic selection which can accelerate genetic gains through the use of 77 phenotypic and genotypic data from a training population (Meuwissen et al., 2001; Jannink et 78 al., 2010; Lorenz et al., 2011) . The performance of different GS models has been evaluated in 79 various species and in many traits Gouy et al., 2013; Heslot et al., 2014; 80 Charmet et al., 2014; Cros et al., 2015) . Recently the potential of GS for CMD resistance has 81 been reported with predictive accuracies ranging from 0.53 to 0.58 (Wolfe et al., 2016) . 82
In the present study we followed a GWAS approach in combination with genomic prediction to 83 unravel the genetic architecture of CBSD in two Ugandan breeding populations. While one of 84 our main objectives was to assess the current predictive accuracy for CBSD we also aimed to 85 identify the most promising genomic prediction models that can account for CBSD genetic 86 architecture. 87 GWAS identified loci strongly associated with CBSVs resistance to foliar symptoms which co-88 locate with an introgression block from a cassava wild progenitor, M. glaziovii (Bredeson et al., 89 2016 ) and with root necrosis which were close to a cluster of plant defence response-related 90 4 genes annotated in the cassava genome (Lozano et al., 2015) . The presence of introgressions 91 segments from the wild progenitors into the elite breeding lines is the result of cassava 92 improvement programs at the Amani Research Station throughout the 1940s and 1950s (Jennings 93 and Iglesias, 2002; Hillocks and Jennings, 2003) . 94
Here we demonstrated with the synergistic implementation of GWAS and GS that GWAS could 95 be used as a prioritization tool to identify markers for genomic prediction for CBSD resistance in 96 cassava.In addition to unravelling the genetics of CBSD resistance these findings may help in the 97 identification of significant causal polymorphisms to guide marker-assisted breeding for CBSD 98 severity that may greatly improve cassava breeding in the face of increasing disease threats to 99 agricultural production. 
MATERIALS AND METHODS 121

Plant material 122
Phenotypic data was collected from two GWAS panels ( Supplementary table 1 The GWAS panel trials were conducted in five locations; Namulonge, Kamuli, Serere, Ngetta 133 and Kasese in Uganda. 134 GWAS panel 1 data was collected in two years across three locations, each trial was designed 135 and laid out as a 6 by 30 alpha-lattice design with two-row plots of five plants each at a spacing 136 of 1 meter by 1 meter. GWAS panel 2 was evaluated in three locations, on each location, five 137 rows of test clones were bordered by two CBSD susceptible clones in order to increase CBSD 138 disease pressure (TME204). Clones from GWAS panel 2 were evaluated as single entries per 139 location being connected by six common checks in an augmented completely randomized block 140 design with 38 blocks per site (Federer et al., 2002; Federer and Crossa, 2012) . 141 CBSD severity was scored at 3 (CBSD3S), 6 (CBSD6S), and 9 (CBSD9S) months after planting 142 (MAP) for foliar and 12 MAP (CBSDRS) for root symptoms respectively. The CBSD9S scores 143 were not available for GWAS panel 1. 144 CBSD severity was measured based on a 5-point scale with a score of 1 implying asymptomatic 145 conditions and a score 5 implying over 50% leaf vein clearing under foliar symptoms. However, 146 at 12 MAP a score of 5 implies over 50% of root-core being covered by a necrotic corky layer. 147 (Supplementary Figure 1 ) 148 6 Clones were classified with a score of 5 if pronounced vein clearing at major leaf veins were 149 jointly displayed with brown streaks on the stems and shoot die-back that appeared as a candle-150 stick. Clones with 31 -40% leaf vein clearing together with brown steaks at the stems were 151 classified under score 4. A Score of 3 was assigned to clones with 21 -30% leaf vein clearing 152 with emerging brown streaks on the stems. While a score of 2 was assigned to clones that only 153 displayed 1 -20% leaf vein clearing without any visible brown streak symptoms on the stems. 154
Plants classified with a score of 1 showed no visible sign of leaf necrosis and brown streaks on 155 the stems. On the other hand, root symptoms were also classified into 5 different categories 156 based on a 5 -point standard scale (Jennings and Iglesias, 2002; Hillocks and Jennings, 2003) . 157 158
Two-stage genomic analyses 159
For the two stage analyses, the first stage involved accounting for trial-design using a linear 160 mixed model to obtained de-regressed BLUPs (drgBLUPs) and the second stage involved the use 161 of de-regressed BLUPs in GWAS and Genomic prediction. Format (VCF) files were generated for each chromosome. Markers with more than 60% missing 189 calls were removed. Genotypes with less than five reads were masked before imputation. 190
Additionally, only biallelic SNP markers were considered for further processing. 191
The marker dataset consisted of a total of 173,647 bi-allelic SNP markers called for 986 192 individuals. This initial dataset was imputed using Beagle 4.1 (Browning and Browning, 2016). 193
After timputation, 63,016 SNPs had an AR2 (Estimated Allelic r-squared) higher than 0.3 and 194 were kept for analysis; from these, 41,530 had a minor allele frequency (MAF) higher than 0.01 195 in our population. Dosage files for this final dataset were generated and used for both GWAS 196 and GS analyses. 
Genome-wide association analysis for CBSV severity 212
Although pedigree records indicate the two GWAS panels to be closely related a principal 213 component analysis (PCA) was performed in order to characterize these panels and to identify 214 any population stratification between the two GWAS panels. We used the imputed dataset of 215 63,016 SNP markers to calculate the PCs with the function princomp in R. 216
With the imputed dataset of 63,016 SNP markers and 986 individuals genome wide association 217 was performed using a mixed linear model association analysis (MLMA) accounting for kinship 218 as implemented in GCTA (v 1.26.0) (Yang et al., 2011) . Specifically, we followed a leave one 219 chromosome out approach, with this approach the chromosome on which the candidate SNP 220 markers are tested gets excluded from the genomic relationship (GRM) calculation. Bonferroni 221 correction (reference) was used to correct for multiple testing with a significance threshold set at 222 5.9. Manhattan plots with transformed -log 10 (P-value) were generated using R package qqman 223 (Turner, 2014) . 224
225
Genomic prediction models 226
To assess the potential of implementing genomic selection for CBSD, seven genomic prediction 227 models were keenly examined; genomic best linear unbiased prediction (GBLUP), reproducing Multi-kernel GBLUP. Because the most significant QTLs for foliar severity 3 and 6 MAP were 237 mapped on chromosomes 4 and 11 (this paper) we followed a multi-kernel approach by fitting 238 three kernels with genomic relationship matrices constructed with SNP markers from 239 chromosomes 4 (G chr4 ), 11 (G chr11 ) and SNPs from the other chromosomes (G allchr- [4, 11] ). Multi-240 kernel GBLUP predictions were made with the function emmremlMultiKernel in the R package 241 EMMREML (Akdemir and Okeke, 2015) . 242
RKHS.
Unlike GBLUP for RKHS we use a Gaussian kernel function:
where K ij is the measured relationship between two individuals, d ij is their Euclidean genetic 244 distance based on marker dosages and θ is a tuning ("bandwidth") parameter that determines the 245 rate of decay of correlation among individuals. This function is nonlinear and therefore the 246 kernels used for RKHS can capture non-additive as well as additive genetic variation. To fit a 247 multiple-kernel model with six covariance matrices we used the emmremlMultiKernel function 248 in the EMMREML package, with the following bandwidth parameters: 0.0000005, 0.00005, 249 0.0005, 0.005, 0.01, 0.05 (Multi-kernel RKHS) and allowed REML to find optimal weights for 250 each kernel. 251
Bayesian maker regressions. We tested four Bayesian prediction models: BayesCpi ( To identify the genome segments in the two GWAS panels, we followed the approach described 266 To confirm whether a large haplotype block present on chromosome 4 colocate with a GWAS 290 QTL identified on this chromosome we calculated LD scores of every SNP marker on 291 chromosome 4 in a 1Mb window using GCTA (Yang et al., 2011) . Briefly, LD score for a given 292 marker is calculated as the sum of R 2 adjusted between the index marker and all markers within a 293 specified window. The adjusted R 2 is an unbiased measure of LD: 294
Where "n" is the population size and R 2 is the usual estimator of the squared Pearson 
Phenotypic variability for severity to cassava brown streak virus infection 316
In the present study field disease scoring was done based on a standard CBSD scoring scale that 317 ranges from 1 to 5 for both foliar and root symptoms (Supplementary figure 1) . 318
Datasets for CBSD foliar and root severities of the evaluated germplasm are presented in 319
Supplementary figures 2 and 3, both GWAS panels exhibited differential response to CBSVs at 320 three,six, nine and twelve months as revealed in the great variability of the deregressed BLUPs. ( Supplementary table 2B ). 332
Within locations across traits the highest correlation values were found in panel 1 for foliar 333 scorings CBSD3S and CBSD6S (r 2 > 0.5) ( Supplementary table 3A) . For panel 2, correlation 334 across traits varied depending on the location, nonetheless correlations across foliar traits were 335 generally higher than those between foliar and root severity ( Supplementary table 3B ). 336
Heritability estimate values for CBSD3S, CBSD6S and CBDRS were low to intermediate with 337
broad-sense heritability (H 2 ) estimates spanning a wide range (11% to 73%) for both panels 338 across locations (Table 1) . For GWAS panel 2, broad-sense heritability (H 2 ) estimates ranged 339 between 56% and 63% for CBSD3S and between 60% and 62% for CBSD6S; while for GWAS 340 panel 1 ranged between 11% and 51%. 341
Narrow-sense heritability (h 2 ), also referred to as SNP heritability, was estimated using the 342 variance components obtained as a result of fitting a one step model using the genetic 343 13 relationship matrix (GRM) for each panel. For panel 1, the broad-and narrow-sense heritability 344 values were comparable across locations except for the multi-location model. For panel 2, for 345 most locations the broad-sense heritability estimates were larger than the narrow-sense 346 heritability estimates. The high variability observed within and across GWAS panels reflects 347 differences in population composition, field design and environmental effects. 348 349
Genome wide association mapping for CBSV severity in cassava 350
The extent of subpopulation structure between the two GWAS panels was examined by PCA, 351 which showed no distinct clusters: clones from both panels had mixed distribution. Overall, the 352 first three PCAs accounted for 60% of the genetic variation observed in the data (Figure 1 We characterized SNP markers with a -log10 (P-value) above the Bonferroni threshold > 5.9 as 360 significant marker-trait associations and further annotated those into candidate genes 361 ( Supplementary table 4 ). 362
For the combined dataset, we identified 83 significant SNP markers associated to CBSD3S; the 363 markers mapped to chromosome 11 with 61 markers located within genes ( Supplementary Table  364 4). The QTL on chromosome 11, top hit reference SNP -log 10 (P-value) = 9.38, explained 6% of 365 the observed phenotypic variation. 366
On the other hand, for CBSD6S, we identified significant SNPs on chromosome 11, 367 chromosome 4 and chromosome 12. On chromosome 11, 33 SNPs surpassed the Bonferroni 368 threshold with 27 SNP markers located within genes. The QTL on chromosome 11 is located on 369 the same region as the QTL identified for CBSD3S and explained 5% of the observed 370 phenotypic variation ( Figure 3A) . 371 14 It suffices to note that although several SNPs on chromosome 11 for CBSD6S exceeded the 372 Bonferroni threshold, six SNPs were in linkage disequilibrium (r 2 > 0.6) with the top reference 373 SNP hit. The SNP markers, with an r 2 > 0.2 to the reference SNP, were annotated into candidate 374 genes: Manes11G130500, a gene that is known to encode glycine-rich protein. 375
Manes11G130000 gene that encodes Leucine-rich repeat (LRR) containing protein, 376
Manes11G130200 gene that encodes the trigger factor chaperone and peptidyl-prolyl trans and 377
Manes11G131100 that encodes a protein kinase ( Figure 3B) . 378
Since several SNPs on the chromosome 4 QTL region are in high LD, no single locus can be 379 highlighted as candidate gene(s) to be associated with CBSD severity ( Figure 4A ). The large 380 haplotype on chromosome 4 is an introgression block from the a wild relative of cassava (M. 381 glaziovii) (Jennings, 1959; Bredeson et al., 2016) . We further confirmed the presence and 382 segregation of the introgressed genome segment in both panels using a set of diagnostic markers 383 from M. glaziovii ( Figure 4B, supplementary figure 13 and 14) . 384
The significant QTL on chromosome 12 has been previously identified for CMD resistance in 385 cassava (Wolfe et al., 2016 ) Accordingly, after correction for CMD scoring in the first step 386 calculation of CBSD deregressed BLUPs, the QTL on chromosome 12 was no longer significant 387 and only QTLs on chromosomes 4 and 11 remained (supplementary Figure 15 ). 388
For CBSDRS we could not identify SNPs surpassing the Bonferroni correction partly to the 389 complexity of this trait with apparently several small effect genes and low heritability. However, 390 the results of the analysis of CBSDRS multi-location data of panel 1 identified significant 391 regions on chromosomes 5, 11 and 18 (-log10 (P-value) > 6.5), which explained 8, 6 and 10% 392 phenotypic variance respectively. 393 394
Genome-wide prediction for CBSV severity in cassava 395
An important objective within this study was to assess the accuracy of prediction in cassava for 396 CBSD-related traits. Using the combined dataset, we compared the performance of seven 397 genomic prediction models with contrasting assumptions on trait genetic architecture. Some 398 model predictions represent genomic estimated breeding values (GEBV) in that they are sums of 399 additive effects of markers, while other model predictions represent genomic estimated total 400 genetic value (GETGV) because they include non-additive effects. Predictive accuracy for 401 CBSD related traits had mean values across methods of 0.29 (CBSD3S), 0.40 (CBSD6S) and 402 0.34 (CBSDRS) (Figure 5 and Supplementary table 6) . 403
Predictive accuracies for CBSD3S varied in the range of 0.27 (BayesB and GBLUP) and 0.32 404 (RF), for CBSD6S we obtained a predictive value of 0.40 for most methods except for RKHS 405 (0.42) and RF (0.41) and for CBSD root severity scores varied from 0.31 (BayesA, B, C and 406 GBLUP) to 0.42 (RF and RKHS). It is clear from the results that higher predictive accuracies 407 were consistently achieved when using Random forest and RKHS for the prediction of both 408 foliar and root CBSD resistance traits. Although for foliar symptoms the increase in predictive 409 accuracy using those methods is modest, for CBSDRS the increase in predictive accuracy was 410 0.10. 411
Based on the GWAS results, we identified for CBSD3S, CBSD6S and CBSDRS the strongest 412 marker associations on chromosomes 4 and 11 . Markers from chromosomes 4, 11 and markers 413 on other chromosomes were used independently to construct covariance matrices that were fitted 414 in a multikernel GBLUP model (Supplementary figure 16) . For all CBSD traits the mean 415 predictive accuracy values from the single-kernel GBLUP model were similar to the mean total 416 predictive accuracy following the multi-kernel approach ( Supplementary table 6 ). 417
Differences were found on the contribution of the individual kernels to the total predictive 418 accuracies. For example, the multikernel GBLUP model for CBSD3S had the lowest total 419 predictive accuracy (0.27) with the highest contribution coming from chromosome 11 and the 420 rest of the genome (0.19). In contrast, the multikernel GBLUP model for CBSD6S gave the 421 highest predictive accuracy (0.40) and most of the accuracy came from chromosome 4 (0.29). 422
The multikernel GBLUP approach for CBSDRS had a total predictive accuracy of 0.30 with the 423 rest of the genome (0.29) contributing the most to the total predictive accuracy (Supplementary 424 figure 16 ). Cassava brown streak disease has been identified as one of the most serious threats to food 431 security (Pennisi, 2010) owing to the significant loses it imparts in cassava wherever it occurs. 432
Host plant resistance, that is obtained through breeding efforts has been so far the most effective 433 approach. However, this is only achievable when the host-pathogen behaviour and interaction is 434 well understood and/or when the genetics of resistance to CBSD are clearly known. 435
In the present study, ~1200 cassava clones from the NaCRRI breeding program in Uganda were 436 evaluated for CBSD severity scores in leaves and root. Specifically, this paper sought to provide 437 fundamental information on the genetics of resistance to CBSD which was previously unknown. 438
From our analyses it was evident that correlation among foliar CBSD severities were higher than 439 correlation between foliar and root severities. 440
Selection of resistant clones has been hampered by the fact that some clones do not show 441 symptoms on leaves or storage roots, while other varieties may only express symptoms on leaves 442 and not on roots and still others do not show symptoms on leaves but instead on roots only 443 (ASARECA:, 2013). Moreover, a lack of correlation between virus load and symptom 444 expression in a field evaluation of selected cassava genotypes has been reported (Kaweesi et al., 445 2014) . Previous studies have also reported that 79% plants with above-ground symptoms of 446 CBSD also exhibited root necrosis and 18% of plants had no visible symptoms of CBSV 447 (Hillocks et al., 1996) 448 Recently, efforts to understand CBSD have focused on CBSD resistance population development 449 and preliminary insights into chromosomal regions and genes involved in resistance (Kawuki et 450 al., 2016; Anjanappa et al., 2016 Anjanappa et al., , 2017 . These studies have highlighted the existence of a QTL 451 on chromosome 11 for CBSD root necrosis among cassava clones of Tanzanian origin (Kawuki 452 et al., 2016) . 453
In our study, based on foliar CBSD severity scoring using a multi-location dataset we identified 454 significant QTL regions on chromosome 4 and 11, though these associations were not always 455 consistent when the panels were analyzed separately and per location. Overall, these results 456 highlight the advantage of using a large GWAS panel and a multi-location approach were plants 457 are exposed to different disease pressures to identify additional genomic regions. 458
On chromosome 11, a cluster of genes underlies the significant QTL ; candidate genes for further 459 study are: Manes11G131100, Manes11G130500, Manes11G130200 and Manes11G130000. One important objective of the present study was to test our ability to predict CBSD severity in 477 cassava, which is, particularly relevant in two situations. First, when the objective is the 478 introduction of germplasm from Latin america and/or from West Africa to East Africa and for 479 early seedling or clonal selection of resistant lines. 480
Thus, using a cross-validation approach, we evaluated the suitability of seven GS models with 481 the expectation that the results may differ due to differences in genetics of foliar and root CBSD 482 Although, a priori knowledge of the loci affecting a trait is not needed for GS, we also tested a 500 multiple kernel approach using GWAS results as a reference to construct covariance matrices. 501 GWAS results have been incorporated in genome-wide prediction models to increase predictive 502 accuracy through de-novo GWAS or using previously published GWAS results (Zhang et al., 503 2014; Spindel et al., 2016) . 504
In our study, to avoid a correlation effect across covariance matrices we partitioned SNP markers 505 into three sets: markers on GWAS QTLs chromosomes (chr 4 and 11) and markers on rest of the 506 genome to built genomic relationship matrices (G chr4 ,G chr11, G allchr- [4, 11] ) . Remarkably, the 507 predictive accuracy of each kernel modeled the genetic architecture found though GWA 508 analyses. Our GWAS and GS results indicate that resistance to CBSD root necrosis severity is 509 polygenic in nature, which is in accordance to Kawuki et al.'s (2016) results. 510
Our results suggest that non-additive effects are likely to play a role shaping CBSD resistance 511 particularly root necrosis. This conclusion derives from GS results using Random Forest and 512 RKHS, which gave the highest predictive accuracies, and from the observed differences in broad 513 sense and narrow sense heritability values. 514
CBSD is a disease that has devastating consequences in cassava production and poses a risk 515 particularly to countries in Central and West Africa where CBSD is not currently present. Our 516 19 study provides, through GWAS and genomic prediction, an insight into the genetic regulation of 517 CBSD severity in leaves and roots. Although we were able to identify a candidate NBS-LRR 518 gene on chromosome 11, the function of this gene in CBSD resistance requires further validation 519 and more importantly, there is a risk that this gene might not be a source of durable resistance to 520 CBSVs. Within this context, genomic selection arises as a promising tool that can accelerate 521 breeding, though the average predictive accuracy is lower than CMD, this is highly variable 
